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The present study estimates spatial and temporal (seasonal/annual) trends in daytime land surface tem-
perature (LST) and its drivers (elevation, cloud fraction (CF), atmospheric water vapor (AWV), normalized
difference vegetation index (NDVI), and snow cover area (SCA)) over the High Mountain Asia (HMA) dur-
ing 2001–2019 using MODIS remote sensing data. The findings of the study showed mixed trends in LST
in the region with intra-regional variations. Overall, the warming in the region is attributed to increasing
AWV and NDVI and declining CF and SCA. The study also found evidence of elevation-dependent warm-
ing (EDW) (4500–5500 m AMSL) in some regions. However, the same conclusion cannot be drawn in all
the sub-regions of HMA, suggesting the need to explore the effects of additional natural and anthro-
pogenic factors on LST with fine resolution data to improve the understanding of its spatio-temporal
dynamics.
� 2022 National Authority of Remote Sensing & Space Science. Published by Elsevier B.V. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Land surface temperature (LST) is one of the key dynamic sur-
face conditions that help in understanding the earth surface energy
balance and estimating some atmospheric variables (Hereher,
2019; Prakash et al., 2019; Rao et al., 2019; Singh et al., 2020) in
the mountain regions, where limited station based climate vari-
ables are available (Kuenzer and Dech, 2013). The study of LST
dynamics is critical for a better understanding of its impact on
regional climates (Jaber and Abu-Allaban, 2020; Mal et al., 2021),
surface energy balance (Khandelwal et al., 2018), surface/ground-
water hydrology (Zhao et al., 2020a), vegetation phenology (Li
et al., 2021), human health (Avashia et al., 2021), temperature
hot spots (Mildrexler et al., 2011) and characterizing land use/land
cover (LULC) (Mildrexler et al., 2018). The mean temperature was
1.2 ± 0.1 �C (at global scale) and 1.39 �C (in Asia) for 2020 that is
above the 1850–1900 baseline data (WMO, 2020a,b). Concerning
global climate change and its significance, various research exam-
ined the spatiotemporal variations in LST using station-based mea-
surements and dynamical climate models (Sharifnezhadazizi et al.,
2019; Prakash and Norouzi, 2020). Global LST has been rising dur-
ing 2001–2017 (Song et al., 2018; Liu et al., 2021). Li et al. (2020)
observed significant warming (air temperature) (0.323 �C/decade)
in Tianshan Mountains (TSM), Northern Tibetan Plateau (NTP),
Southeastern Tibetan Plateau (SETP), Southwestern Tibetan Pla-
teau (SWTP) of the High Mountain Asia (HMA) during 1961–
2017. Concerning the HMA, studies have revealed warming in Cen-
tral Tien Shan Mountains (Sun et al., 2015), Kashmir Himalaya
(Romshoo, Rafiq and Rashid 2018), the central Himalayas (CH)
(at the rate of 0.102–0.190 �C/yr during 2000–2017) (Zhao et al.,
2019), the Hindu Kush Himalayas (HKH) (Krishnan et al., 2020),
Qinghai-Tibetan Plateau (Zou et al., 2020; Zhao et al., 2020b) and
TP (Yang et al., 2021). During the period 2003–2019, Song et al.
(2021) found a warming trend in daytime LST in the middle of
the TP, as well as the middle and western areas of Inner Mongolia.
However, warming patterns in LST are not consistent over the
HMA, which needs further investigation. A report also predicted
an increase in annual mean LST in the Himalayas of around
5.2 �C by the end of the twenty-first century (Krishnan et al.,
2020). According to the Intergovernmental Panel on Climate
Change (IPCC, 2018), high mountain regions would be the most
affected by future global warming of 1.5 �C. As a result, intra-
regional thorough research of variations in LST in the HMA is
required, which, to the best of our understanding, is currently
lacking.

Several factors influence LST changes, including atmospheric
(e.g., insolation, air temperature, angle of incidence of solar radia-
tion, cloud cover) and surface properties (e.g., surface roughness,
vegetation cover, emissivity, albedo, the heat capacity of surface
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soil layers, soil moisture, and local topography) (Song et al., 2018;
Khandelwal et al., 2018; Khandan et al., 2018; Thiebault and
Young, 2020; Zou et al., 2020; Song et al., 2021; Liu et al., 2021).
However, even though it offers substantial positive feedback for
global warming as well as other greenhouse gases (e.g., methane),
the influence of atmospheric water vapour (AWV) on variations in
LST has received little attention (Held and Soden, 2000). These fac-
tors point to the difficulty in comprehending the spatiotemporal
process of LST. There is a scarcity of in-depth studies on these fac-
tors in the HMA. The reported changes in LST might have serious
consequences on an area’s physical system, particularly in the
mountains (such as surface energy balance, glaciers melting,
decreasing perennial snow cover and permafrost, and decreased
water availability) (Hock et al., 2019; Mildrexler et al., 2018;
World Meteorological Organization (WMO), 2020a). As a result,
this would have an impact on the livelihoods of millions of people
in the surrounding region. Thus, its examination is required for
appropriate planning and management of the region’s natural
resources.

Several studies used satellite-based LST data because of its
extensive spatial coverage, high resolution, and long-term avail-
ability (Sharifnezhadazizi et al., 2019; Zhao et al., 2019; Prakash
and Norouzi, 2020). To the best of our knowledge, the HMA has
not been exposed to extensive regional LST trend studies and its
drivers, particularly AWV. Thus, the present paper is attempted i)
to investigate the seasonal/annual trends in LST using remote sens-
ing monthly data from 2001 to 2019, ii) to assess the main drivers
of LST trends, including elevation, AWV, cloud fraction (CF), nor-
malized difference vegetation index (NDVI), and snow cover area
(SCA). This study would enhance the understanding of dynamics
in LST and its drivers over the HMA.
2. Study area

The present study was conducted in the HMA, which is the
world’s largest glacierized region outside of the polar regions, also
popularly known as ‘‘The Third Pole” (Bolch et al., 2012, 2019). It is
a high-altitude area of Asia that encompasses East, South East, Cen-
tral, and South Asia (Fig. 1). It includes Hindukush-Karakorum-
Himalayan mountain ranges, Kunlun, Tien Shan, Altai and Pamir
mountain ranges. This region spans China, Afghanistan, Nepal,
India, Pakistan, Bhutan, Kazakhstan, Uzbekistan, Kyrgyzstan, and
Tajikistan countries. Bolch et al. (2019), has subdivided the HMA
into 22 regions (Fig. 1). This region has undulating terrain ranging
between �500 m above mean sea level (AMSL) in the southern
Himalayan rim and 8850 m AMSL (Everest peak), steep hillslopes,
a cold climate, and spatial inaccessibility (). The HMA supports 10
large rivers in the region, including the Indus, Ganges, and Brahma-
putra rivers. About 10% of the world’s population lived in high
mountain areas in 2010 (Jones and O’Neill, 2016). Considering
the socioeconomic scenarios, its population is anticipated to
expand to 736–844 million by 2050 (Gao, 2019).
3. Materials and method

The present study used the Moderate Resolution Imaging Spec-
troradiometer (MODIS) LST, AWV, CF, NDVI, and SCA monthly data
(Jan 2001–Dec 2019) obtained from the Earthdata (https://earth-
data.nasa.gov/) (Table 1 and Fig. 2). The MODIS LST products have
values of clear sky to reduce the cloud cover impact, which is the
main constraint in its application (Sun et al., 2015). Fewer clear
sky days (e.g. <10 days) in a monthly LST product increase its
uncertainty depending on the location of a region. However, the
random cloud-cover occurrence has a lesser influence on monthly
LST, which enhanced its spatio-temporal integrity and consistency
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as compared to daily and 8 days’ composite data (Zhao et al.,
2020b). MODIS Terra (MOD11C3 ver 6 at 0.05� � 0.05�) monthly
clear sky daytime LST data (Jan 2001 - Dec 2019) are used in the
present study (https://earthdata.nasa.gov/eosdis/daacs/lpdaac)
(Earthdata Search, 2019; Wan, 2015; Wan, 2013) because its acces-
sibility and consistency increase with spatial and temporal aggre-
gation resulting in fewer data gaps, compared to night-time LST.
Furthermore, the accuracy of the daytime LST ver. 6 products has
improved over the ver. 5 product when compared to nighttime
LST (Lu et al., 2018) due to significant improvements in retrieval
methods (Duan et al., 2019). MODIS MOD08 M3 AWV and CF
(1� � 1�) L3 daytime data have been used to investigate their rela-
tionship with LST across the region (Platnick et al., 2015). MODIS
MOD13C2 NDVI (0.05� � 0.05�) L3 data are cloud-free spatial com-
posites that were used in this study to determine the region’s veg-
etation characteristics and their influence on LST (Didan, 2015).

MODIS MOD10CM (Terra) SCA (L3 global at 0.05� � 0.05�) was
used in the current study to estimate SCA since it is a key variable
in high elevation areas of the HMA that has a significant impact on
LST (Hall and Riggs, 2015). Overall, when compared to other
sources of global or regional snow cover data, the MOD10CM
appears to be a fair depiction of mean monthly SCA (Riggs et al.,
2019) and is extensively used for examining changes in SCA
throughout the Himalayas (Shafiq et al., 2019). The digital eleva-
tion model (DEM) (250 m) of the Shuttle Radar Topography Mis-
sion v4.1 (SRTM obtained from https://earthdata.nasa.gov/) was
used to comprehend the topographic information (500 m elevation
bands/zones) (Fig. 1) and its interaction with the LST of the study
area (Jarvis et al., 2008).

All the MODIS data used in the study has been resampled to 0.
05� � 0.05� using the nearest neighbour approach and subsets of
the study region were generated (Fig. 2). The seasonal and annual
series were then generated from the monthly data for all parame-
ters used in the study area. The Theil Sen’s Slope estimator (Theil,
1950; Sen, 1968) was used to estimate seasonal/annual trends
(2001–2019), and its significance was assessed using the Mann-
Kendall test (at 0.10 sig. level) (Kendall, 1975; Neeti and
Eastman, 2011). The estimated significant trends magnitude (LST,
NDVI, SCA) are also obtained across 12 elevation zones. The spatial
correlations of LST with other variables (elevation, CF, AWV, NDVI,
and SCA) were estimated using Pearson Product Moment correla-
tion (tested at 0.01 significance level) in System for Automated
Geoscientific Analyses (SAGA) (Conrad et al., 2015). The present
study used the traditional quarters of four seasons: winter (DJF),
spring (MAM), summer (JJA), and autumn (SON).
4. Results

4.1. Spatial distribution of mean LST

The mean annual daytime LST is estimated as 11.5 �C (r: 6.9 �C)
for the entire HMA during 2001–2019. The corresponding LST is
observed as lowest in the winter season (mean �0.86 �C, r:
8.6 �C) and highest in the summers (mean: 20.9 �C, r: 8.2 �C).
The estimated LST is slightly low during spring (mean 13.8 �C, r:
8.1 �C) and autumn (mean: 12 �C, r: 6.6 �C) (Fig. S1). Among all
the regions of the HMA, the ETS region observed pronounced sea-
sonal variations in daytime LST from a maximum in summer
(29 �C) to a minimum in winter (�8 �C), followed by the DA (sum-
mer: 25 �C and winter: �11 �C) and WP regions (summer: 22 �C
and winter: �13 �C) (Fig. S1). During the study period, EH had
the lowest range of mean LST, followed by N and HS. Among the
22 HMA regions, four regions (WP, K, DA, and CTS) have LSTs
<�10 �C during the winter, while only one (AS) has LSTs >30 �C
during the summer (Fig. S1). Among all HMA regions, K is the cold-



Fig. 1. Location and extent of the HMA. The background shows the distribution of elevation over the HMA based on SRTM 250 m. Graphs show the distribution of elevation
(%) in different mountain regions of the HMA. The HMA is divided into 22 regions based on Bolch et al. (2019).

Table 1
Description of datasets used in this study.

Datasets Drivers Version Layer name Unit Spatial resolution Temporal resolution

MOD11C3 LST ver 6 LST_Day_CMG Kelvin 0.05 deg monthly
MOD08_M3 AWV ver 6.1 Atmospheric_Water_Vapor cm 1 deg monthly
MOD08_M3 CF ver 6.1 Cloud_Fraction_Day none 1 deg monthly
MOD13C2 NDVI ver 6 CMG 0.05 Deg Monthly NDVI none 0.05 deg monthly
MOD10CM SCA ver 6.1 Snow_Cover_Monthly_CMG % 0.05 deg monthly
Shuttle Radar Topography Mission (SRTM) Elevation v4.1 – meter 250 m –
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Fig. 2. Data and methodological flow of the present study.
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est and AS is the warmest, owing to the geographical and elevation
distribution, atmospheric and surface characteristics (Dimri, 2021).
4.2. Elevation wise mean LST

The elevation has a considerable impact on the spatial distribu-
tion of mean daytime LST (Peng et al., 2017). A significant inverse
relationship between mean LST and elevation across all seasons is
observed (right-panel of Fig. S1 and Table 2), which is consistent
with earlier studies (Khandelwal et al., 2018; Peng et al., 2020;
Mal et al., 2021; Yang et al., 2021). Summer has the highest day-
time LST lapse rate (3.4 �C/km), followed by spring (2.7 �C/km),
autumn (2.6 �C/km), and winter (1.6 �C/km) (Fig. S1). During the
winter, the land surface in the mountains cools significantly,
decreasing the LST range and, as a result, the lapse rate. The highest
temperature lapse rate in the HMA during the summer might be
due to latent heating at higher elevations (Kattel et al., 2013). Fur-
thermore, regional differences in temperature lapse rates in the
HMA are caused by a variety of geographical, atmospheric (tem-
perature inversion) and topographical conditions (Li et al., 2013).
The mean annual daytime LST is 2.6 �C/km in the HMA (Fig. S1).
In the current study, the estimated temperature lapse rates at sea-
sonal and annual scales are lower than the air temperature lapse
rates as observed (�6.1 to �4.3 �C/km) in the CH by Kattel et al.
Table 2
Correlation of mean LST with elevation, AWV, CF, NDVI and SCA in the HMA.

Drivers Mean LST

Winter Spring

Elevation �0.242** �0.459**

AWV 0.470** 0.328**

CF �0.647** �0.404**

NDVI 0.699** 0.399**

SCA �0.768** �0.845**

** Significant at 0.01 level (2-tailed).
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(2013), whichmight be related to the complex elevation conditions
of the CH. Another reason for the lower MODIS daytime LST lapse
rate as observed in the study might be that daytime LST is less rep-
resentative of air temperature lapse rate, as compared to the
MODIS nighttime LST lapse rates (Zhang et al., 2018b).
4.3. Trends in mean LST

Seasonal mean daytime LST has shown a significant rising trend
(at 0.10) at the average rates of 0.04 �C/yr, 0.03 �C/yr, and 0.04 �C/yr
over HMA during winter, spring, and summer, respectively. How-
ever, a declining LST trend (�0.07 �C/yr) is observed during
autumn (Fig. 3a). The study region likewise shows a rising trend
in the mean annual LST (0.01 �C/yr) (Fig. 3a). Annual and seasonal
mean LST trends are also estimated in different sub mountain
regions (Fig. 3b). During the study period, EH, WP, PA, NWTS, DA,
N, GM, HS, TIM, TS, and CTS witnessed considerable warming
(Fig. 3b). WP and TS observed the highest annual warming rates,
whereas certain locations (EHK, WH, WKS, EKS, etc.) have shown
cooling trends (Fig. 3b).

There is no consistent spatial pattern of trends in mean LST
across different NDVI zones (Fig. 4a). During the study period,
mean LST exhibited a substantial declining trend in winter, spring,
and autumn in the NDVI zone between 0.50 and 0.75 and a rising
Summer Autumn Annual

�0.562** �0.538** �0.509**

0.176** 0.408** 0.433**

�0.421** �0.258** �0.267**

�0.073** 0.309** 0.364**

�0.550** �0.781** �0.777**



Fig. 3. (a) Spatial distribution of the mean LST trends over the HMA between 2001 and 2019 (b) Region wise mean LST trends between 2001 and 2019 (at 0.10 sig level).
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trend in winter and autumn in the NDVI zone between 0.75 and 1.
During the summer, the highest increase in mean LST was seen
between NDVI values of 0.25 and 0.50 over the HMA. The study
found a warming trend in annual mean LST at elevations more than
4500 m (Fig. 4b). Furthermore, there is a noticeable warming trend
between 4500 and 6000 m (0.01–0.16 �C/yr) in winter, spring, and
5

summer, confirming the EDW process. In the winter and summer,
cooling is also observed at elevations above 6000 m in the HMA
(Fig. 4b). However, some mountain regions in the HMA are experi-
encing warming trends in the different seasons above 6000 m
(Fig. 5). Warming trends in elevations more than 6000 m through-
out winter (EHK, WH), spring (EHK, EH, CH, K, WP, WKS, HS, TIM),



Fig. 4. (a) NDVI zone wise and (b) elevation zone wise mean LST trends over the HMA during 2001–2019. (all the given values are sig. at the 0.10 level).
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summer (N, TIM, TS), and autumn (EH, CH, K, N, GM, HS, TIM, TS)
are seen. The TIM is experiencing pronounced warming in all the
seasons at elevations of more than 6000 m (Fig. 5).

4.4. Key drivers of mean LST changes

4.4.1. Relationship of LST with AWV
AWV reflects and absorbs solar radiation, altering the energy

balance directly. It causes a ’positive feedback loop’ in the atmo-
6

sphere, influencing other components, e.g., temperature. Over the
HMA, AWV concentrations are highest in summer (1.43 cm) and
lowest in autumn (0.73 cm) (Fig. S2). During the study period,
the annual AWV in the HMA ranges from 0.31 to 3.8 cm (Fig. S2).
A substantial positive relationship between AWV and LST over
the HMA in all seasons is seen, resulting in a ’positive feedback
loop’ in the atmosphere (Table 2 and Fig. S3). Overall, AWV levels
indicate an increasing trend over the HMA in all the seasons,
except winters where AWV trends remain nearly unchanged



Fig. 5. Region wise mean LST trends (at 0.10 level of Sig.) under different elevation zones over the HMA between 2001 and 2019. Empty boxes in the heat map show no
significant trend.
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(Figs. S4a and S5a). Summer has the highest rising trend (0.0061–0.
0154 cm/yr) in AWV when compared to other seasons. Annual
AWV increased at a rate varying from 0.003 cm/yr (WP) to
0.083 cm/yr (CH) over the study period (Fig. S4a and S5a).
7

4.4.2. Relationship of LST with CF
Cloud cover is another key atmospheric factor that influences

the LST conditions. Summer has the highest concentration of CF
(56%) over the HMA, followed by winter (55%), spring (54%), and
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autumn (43%) (Fig. S2). During the study period, annual CF in the
HMA ranged from 29 percent in the TIM to 86 percent in parts of
ETM, N, TS, and HS (Fig. S2). The current findings revealed an
inverse relationship between the LST and CF (Table 2 and
Fig. S3). The present study has demonstrated a substantial decrease
in CF across the HMA during winter, whereas the other seasons
showed an increase (Fig. S4b and S5b). During winter, there is a
decrease in cloud cover (�0.09 - �0.52 percent /yr) over the central
regions of the HMA (Figs. S4b and S5b). During the autumn, a
strong rising trend (0.24–0.45 percent /yr) was seen in the HMA’s
south and southeast parts. The same places have experienced a
considerable decline in mean daytime LST, which may be ascribed
to changes in the local CF conditions (Fig. S1). Except for winter,
the EHK and WH have shown a declining trend in CF (0.22 - 0.54
percent/year) (Figs. S4b and S5b). Summer has negligible cloud
cover over the HMA from 2001 to 2019. Overall, the research found
a substantial negative influence of CF over the mean LST in the
HMA in spring and autumn.
4.4.3. Relationship of LST with NDVI
Surface-type conditions such as NDVI have a considerable

impact on LST (Tan et al., 2020). The higher NDVI values are mostly
concentrated along the southern rim of the Himalayas, HS, and
ETM. In the HMA, the mean annual NDVI value is �0.22, where
the mean NDVI is highest in summer (0.33), followed by autumn
(0.25) (Fig. S6). The current research found that LST conditions
are positively related to NDVI in all seasons (except summers) in
the HMA during the study period (Fig. S1, S6, and S7). Summer
has the highest NDVI increase (0.002/yr), followed by autumn
(0.0016/yr), spring (0.0015/yr), and winter (0.0012/yr) in the
HMA. The annual NDVI trend is estimated as 0.0015/yr (Fig. S8).
The region-wise mean NDVI trends (sig. at 0.10) likewise revealed
a rising trend in most of the elevation zones (Fig. S9).
4.4.4. Relationship of LST with SCA
SCA is a highly dynamic land surface in the HMA that changes

considerably with seasons, with winter (36%) being the highest,
followed by spring (28%), autumn (18%), and summer (9%)
(Fig. S6). Annual SCA in the HMA ranged from 8 percent (HA) to
59 percent (K) (Fig. S6). LST has a substantial inverse relationship
with SCA in all seasons (Table 2 and Fig. S7). SCA decreased at an
annual rate of �0.36 percent in winter, �0.08 percent in summer,
while increased at an annual rate of 0.22 percent in spring, and
with 0.05 percent in autumn (Fig. S8). Annual SCA in the HMA
decreased at a mean rate of �0.05 percent/yr (Fig. S8). Elevation
has a considerable impact on SCA distribution, hence its trend
along elevation is evaluated in the HMA (Jain et al., 2009). Thus,
the elevation-wise analysis in SCA demonstrates mixed trends
across the region at differing rates (Fig. S10).
5. Discussion

The present study found a considerably increasing trend in LST
at the seasonal (excluding autumn) and yearly scales in the HMA
between 2001 and 2019, which corroborates with the previous
studies in the region (Sun et al., 2015; Romshoo et al., 2018;
Zhao et al., 2019; Krishnan et al., 2020; Zou et al., 2020; Zhao
et al., 2020b; Song et al., 2021). Zhao et al. (2019) found a rising
(0.102 �C/yr) trend in mean annual LST across the CH area from
2000 to 2017. Further, the strength of this fluctuation is often
higher in the mountains, as discovered in the current study
(Zhao et al., 2019). Pepin et al. (2019) observed an increase in
LST at a mean rate of 0.11 �C/decade over the TP (central HMA)
from 2002 to 2017. Luintel et al. (2019) detected a shallow warm-
8

ing trend in daytime LST across Nepal, particularly in the foot-hill
regions (CH) (2000–2017).

Between 3000 and 3500 m AMSL (which is �8% of the HMA), a
cooling trend in summer and autumn mean daytime LST is
observed in some mountain regions e.g., EHK, WH, CH, K, WP,
WKS, N, ETM, QS, EKS, AS, ETS, which could be attributed to
increasing SCA and CF. The present study reveals that some
regions (e.g. K) are facing cooling trends, which is consistent with
the previous study of Zafar et al. (2016) who found that the tem-
perature in the K region has been clearly out of sync with hemi-
sphere temperature patterns for at least the last five centuries.
Other studies dealing with glaciers and SCA, which is a direct
indicator of climate change, reveal cooling in the K region
(Dimri 2021; Bilal et al., 2019). A significant warming trend in
yearly mean LST is seen in the elevations ranging from 4500 m
to 5500 m, reflecting the EDW process. However, cooling is also
recorded in more than 6000 m elevations during the winter and
summer. Qin et al. (2009) detected pronounced warming up to
5000 m elevation in TP, however, LST has remained unchanged
at higher elevations (>5000 m). Gao et al. (2018) also said that
there has been no incidence of EDW over 5000 m in the TP and
that it is unlikely to occur in the next decades. During 2002–
2017, Pepin et al. (2019) discovered little EDW in the Qilian
Mountains. The current findings are consistent with earlier
researches, which have shown that the rate of surface warming
increases with elevation up to 5000 m (Tan et al., 2020; Li
et al., 2020; Mal et al., 2021). EDW has been observed in the
HMA (Pepin et al., 2015), which is attributed to a decrease in
the SCA. During the period 2000–2017, Zhao et al. (2019)
observed that the steep topographic gradient has a substantial
influence on the change rate and proved a considerable EDW
effect, particularly for the night-time LST. They also noted the
declining trend in the daytime LST rate in low elevation regions
(<1600 m). However, absolute cooling over 6000 m has been
seen, probably as a result of frequent cloud cover.

The study further explores the drivers (AWV, CF, NDVI, and SCA)
of LST trends in the HMA. Correlation reveals an insignificant pos-
itive relationship between AWV and LST trends over the HMA in all
seasons, resulting in a ’positive feedback loop’ in the atmosphere
(Fig. 6A). This occurs because, at higher temperatures, AWV does
not quickly condense and precipitate out of the atmosphere.
AWV absorbs the heat released from Earth, preventing it from
escaping into space and escalating atmospheric warming, resulting
in even more water vapour in the atmosphere, known as a ’positive
feedback loop’. The rising AWV trend as observed in the current
study is consistent with global and regional research (Lu et al.,
2015; Chen and Liu, 2016; Wang et al., 2016; Zhang et al., 2018a;
Ho et al., 2018; Yue et al., 2019; Wang and Liu, 2020). Water
vapour concentrations rise, amplifying the greenhouse effect and
hence the temperature rise (Held and Soden, 2000).

The study revealed an inverse relationship between LST and CF,
confirming that CF has a negative effect on LST (Fig. 6B). Clouds
regulate the temperature by reflecting parts of the incoming solar
energy back into space during the day. Consequently, the incoming
solar energy is lowered at the earth’s surface, causing the earth to
heat up slowly and resulting in lower temperatures. In the HMA, CF
increased significantly in all seasons except winter, but there are
regional variations. The findings are in agreement with a global
trend in cloud cover conditions (Mishra, 2019; Kebiao et al.,
2019). The pattern of decreasing cloud cover over TP is consistent
with earlier investigations (Lei et al., 2020; Ma et al., 2021).
According to Ma et al. (2021), the decreasing trend of CF in the
region is due to Rossby wave trains across the Eurasian region
and the weakening of the South Asia High. However, other places
(PA, WKS, EP, etc.) have exhibited no trend in some seasons in
the HMA, necessitating further examination in the future.



Fig. 6. Relationship of (A) LST and AWV trends and (B) LST and CF trends over the HMA during 2001–2019. (**sig at 0.01 level).
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Fig. 7. Relationship of (A) LST and NDVI trends and (B) LST and SCA trends over the HMA between 2001 and 2019. (**sig at 0.01 level).
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The study revealed that NDVI had a considerable influence on
LST in the studied area, which is consistent with previous studies
that found that NDVI effectively expresses LST in hilly terrain
(Sun and Kafatos, 2007; Peng et al., 2017; Tan et al., 2020). The cur-
rent study found a rising trend in NDVI in almost all the seasons
(Fig. 7A), which is consistent with earlier researches (Chen et al.,
2019; Zou et al., 2020). The rising NDVI values are leading to a
warming trend in the vegetated areas, because of the warming
effect caused by decreasing albedo in the daytime (Song et al.,
2021). Albedo decreases when vegetation cover increases and vari-
ations in albedo alter the surface radiation balance, hence affecting
LST.

The study found a strong negative relation of LST with SCA dur-
ing the study period (Fig. 7B). SCA has high albedo that reflects a
majority of the sun’s energy back into the atmosphere, allowing
it to regulate the flow of heat between the Earth’s surface and
the atmosphere, therefore having a cooling effect. The study found
a significant decline of SCA in all the seasons, which is consistent
with a global and regional trend (Li et al., 2018a; Li et al., 2018b;
Desinayak et al., 2021). This might be one of the reasons for the
region’s warming in LST in the middle and high elevations (Pepin
et al., 2015; Prakash and Norouzi, 2020; Sharifnezhadazizi et al.,
2019), due to its positive feedback (Li et al., 2018a). During the
study period (2001–2019), all four parameters had a substantial
role in controlling regional LST variations in HMA, although their
roles need further investigation in some mountain regions. It
shows that using precise resolution remote sensing products and
observed datasets in the region are needed to comprehend the role
of studied drivers on LST further.

Further, the rising air temperature and decreasing precipitation
in various sections of the HMA may also be the drivers of rising LST
(Song et al., 2021). The precipitation in Nepal has decreased, partic-
ularly during the monsoon season ( Department of Hydrology and
Meteorology (DHM), 2017; Karki et al., 2017). Although long-term
declining precipitation patterns are statistically insignificant,
recent trends, particularly during the 1990s, are more noticeable
(Shrestha et al., 2019). According to Zhao et al. (2019), in addition
to the climatic warming effect, various variables such as urban
expansion, changes in lowland river courses, and snow and glacier
retreat have a significant impact on the local thermal environment
(Bolch et al., 2019; Mal et al 2021). Furthermore, agricultural resi-
due burning (Zhang et al., 2020) and urbanisation (Wang et al.,
2021) may be contributing to the rising LST in the region. Other
parameters such as slope, aspect, albedo, air temperature, precipi-
tation, atmospheric mechanism, evapotranspiration, solar radia-
tion, and human activities (aerosols/air pollutants, land use/land
cover) must be included in future studies. A huge population lives
downstream of mountain areas, which is also influenced by
changes in the mountain cryosphere. Thus, the study suggests a
need to further investigate the impact of all of these elements on
LST to have a better knowledge of its spatial complexity and pro-
cesses across the HMA.

The present study has several limitations that should be consid-
ered when interpreting the findings. The current conclusions are
based on 19 years of remote sensing data, which is insufficient to
assess climate change since climate change requires a longer time
span (>30 years). The monthly MODIS LST data is based on clear-
sky conditions only, which might reduce the data quality in some
cases. To ensure the reliability of the results, future studies should
employ LST data, including clear and cloudy conditions using LST
reconstruction methods (e.g., diurnal temperature cycle model,
random forest-based reconstruction method) (Song et al., 2021;
Yang et al., 2021; Hu et al., 2020; Xiao et al., 2021). Other available
longer time-series LST data can be used in a future study to fully
comprehend the LST trends and their drivers. There is also the
chance that MODIS daytime LST is less indicative of a few HMA
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regions than nighttime LST (Zhang et al., 2018b), therefore, night-
time LST trends should be considered in future studies in the HMA.
Although the spatial resolution of most of the remote sensing data-
sets in the present study is rather good, the study encountered dif-
ficulties in a comprehensive region-elevation-wise analysis of
coarser-resolution AWV and CF. It is, thus, recommended that finer
resolution AWV and CF datasets be used, if available, in future
studies.
6. Conclusions

The present study aims to comprehend the geographical and
temporal (seasonal and annual) variations in daytime LST over
the HMA from 2001 to 2019. Overall, the HMA has seen a warming
trend over the years, with varying magnitudes. However, certain
places are experiencing a cooling trend in LST (e.g., EHK, WH, K,
CH, etc.), indicating the necessity to investigate the underlying
local determinants of such a pattern. The findings of the study
are as follows:

a) A considerable increase in mean daytime LST is seen over the
study region at seasonal (excluding autumn) and annual
scales. However, there are regional differences in mean LST
trends. Among all areas, the WP had pronounced warming,
while the DA experienced significant cooling. The TIM expe-
rienced enhanced warming throughout the summer, fol-
lowed by the TS. The majority of the areas had a cooling
trend in mean LST during the autumn. Intra-regional differ-
ences in LST across the HMA may be accounted mostly by
geographical and topographical characteristics.

b) Elevation-wise, the analysis shows a clear warming trend in
seasonal and annual mean LST, primarily between 4500 and
5500 m, suggesting the occurrence of EDW in the HMA.
However, in certain places, EDW is not present in seasons
or at annual levels (e.g. annual scale: WH, EKS, EP). It may
be examined further using fine resolution datasets to corrob-
orate these findings.

c) The spatial and temporal changes of LST in the region are
influenced by AWV, CF, NDVI, and SCA. In the study region,
AWV and NDVI show a positive association with LST, but
CF and SCA have a negative relationship with LST. Increased
LST may be caused by rising AWV, declining CF, declining
SCA and rising NDVI values in the vegetated areas, but some
places, in contrast, reported cooling (e.g. EHK, WH, K, CH).
However, elevation in the study region controls the effects
of AWV, CF, NDVI, and SCA on LST. The study suggests the
necessity of exploring other additional natural and anthro-
pogenic factors at a local level for a better understanding
of its spatial complexity.
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